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METHOD OF DEALING WITH OCCLUSION 
WHEN TRACKING MULTIPLE OBJECTS 
AND PEOPLE IN VIDEO SEQUENCES 

This application claims priority under 35 USC §119(e) 
(1) of Provisional Application No. 60/098,470, ?led Aug. 
31, 1998. 

TECHNICAL FIELD OF THE INVENTION 

The technical ?eld of this invention is automatic security 
systems particularly automatic security systems employing 
computer image processing for tracking objects in a video 
sequence. 

BACKGROUND OF THE INVENTION 

The goal is to track multiple people and objects (e.g., 
vehicles) in video sequences When the objects may be 
partially occluded by each other. Prior art is background 
differencing, Which cannot handle multiple objects With 
merges or occlusions; template matching, Which cannot 
handle strong object deformations; and histogram matching, 
Which requires tracked objects to have color or grey-scale 
features Which differentiate the people being tracked. 

SUMMARY OF THE INVENTION 

The neW method employs the novel concept of a proba 
bilistic templates, or p-templates, Which probabilistically 
encode the rough position and eXtent of the tracked object’s 
image. The p-templates track objects in the scene, one 
p-template per object. They can be used to incorporate 
three-dimensional knoWledge about the scene, and to reason 
about occlusion betWeen the objects tracked by the 
p-templates. P-template tracking is robust to deformations 
such as arm gestures, and to strong occlusions. 

This invention enables digital video camera applications 
that require tracking With robustness to occlusion. Our 
method Will help to create neW markets for netWorked 
digital cameras that analyZe the video stream. The method is 
suitable for implementation on digital signal processors. 
Applications are in physical security, home automation, and 
sporting event analysis. 

This invention requires video capture and digitiZation 
hardWare, image processing hardWare such as a digital 
signal processor, and a method for estimating the image siZe 
of a person standing at a given location in the image. This 
estimate of image siZe could be as described in co-pending 
US. Patent Provisional Application No. 60/083,711 entitled 
“METHOD AND APPARATUS FOR MAPPING A LOCA 
TION FROM A VIDEO IMAGE TO A MAP,” now US. 
patent Ser. No. 09/292,499. 

BRIEF DESCRIPTION OF THE DRAWINGS 

These and other aspects of this invention are illustrated in 
the draWings, in Which: 

FIG. 1 is a diagrammatic vieW of a surveillance system 10 
used monitor activity in a selected region or area; 

FIGS. 2A to 2H are vieWs various stages of object 
recognition in a video image; 

FIGS. 3A and 3B illustrate tWo vieWs of an eXample scene 
containing tWo people; 

FIGS. 4A to 4] illustrate a sequence of video images in 
Which it is particularly dif?cult to properly maintain the 
tracks of the tWo people in the scene; 

FIG. 5 illustrates predictive probabilistic templates for the 
scene illustrated in FIG. 3A; and 
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2 
FIGS. 6A to 6D illustrate tWo examples of occlusion by 

the tWo people and the corresponding probablistic templates. 

DETAILED DESCRIPTION OF PREFERRED 
EMBODIMENTS 

In applications such as physical security, home 
automation, and sporting event analysis, it is often necessary 
to track the movements of one or more people and objects 
in a scene monitored by a video camera. In real scenes, the 
objects move in unpredictable Ways, may move close to one 
another, and may occlude each other. When a person moves, 
the shape of his or her image changes. These factors make 
it dif?cult to track the locations of individual objects 
throughout a scene containing multiple objects. This appli 
cation describes a neW method for tracking objects in video 
sequences Which can maintain the integrity of the tracks of 
object even When they partially occlude one another. 

In order to discuss methodology, some common terms 
need to be de?ned for clarity: 
An object is an abstract entity Which represents a real 

World object. An object has blobs associated With it Which 
correspond to the real-World object. 
An image is a picture consisting of an array of pixels. 
Avideo image is one image out of an input image stream 

constituting an image sequence. 
A reference image is an image of a scene corresponding 

to the background. Objects are generally detected from the 
difference betWeen the current video image and the refer 
ence image. 
A background image is an image of the scene With only 

background objects in it. It is usually used as the reference 
image. 
A difference image is a binary image Which is the result 

of thresholding the absolute difference of tWo video images. 
Thresholding the difference ensures that the difference 
image represents areas Where the tWo video images differ 
signi?cantly. It is typical to form such a difference betWeen 
the current video image and the reference image. 

Blobs are groups of connected piXels in a difference image 
Which represent the change regions betWeen the tWo video 
images. Blobs usually correspond to objects in the fore 
ground of a scene. 

Aframe is an abstract entity Which consists of a collection 
of objects and represents a video image. 

Objects in consecutive frames Which correspond to each 
other are linked together to form a motion graph. 

FIG. 1 is a diagrammatic vieW of a surveillance or 
monitoring system 10 Which embodies the present 
invention, and Which is used monitor activity in a selected 
region or area. The monitoring system 10 also includes a 
camera unit 12, a computer Workstation 13, Which are 
operatively coupled by a netWork shoWn diagrammatically 
at 14. The netWork 14 may be a local area netWork, the 
Internet, some other type of netWork, a modem link or a 
combination of these technologies. The computer Worksta 
tion 13 may be a personal computer including a processor 
17, a keyboard 18, a mouse 19 and a display unit 21. 
The camera unit 12 includes video camera 23. Video 

camera 23 in the disclosed embodiment is a knoWn mono 
chrome camera that outputs gray-scale images. HoWever, 
the present invention may be utiliZed With a color video 
camera or some other type of tWo-dimensional image 
detector, such as an infrared detector. Video camera 23 
includes detector 24. Detector 24 may be a charge coupled 
device (CCD) or a CMOS image detector as knoWn in the 
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art. Video camera 23 includes not-illustrated optics of a 
known type, Which focuses an image on detector 24. 

Camera unit 12 further includes an image processing 
section 27. The image processing section 27 includes a video 
interface circuit 28 to receive the output of image detector 
24. A netWork interface 29 facilitates communication across 
netWork 14. Image processing section 27 could also include 
a modem in addition to or in place of netWork interface 29. 
This Would enable communications via a telephone line. 
Image processing section 27 further includes a processor 33. 
Processor 33 preferably consists of a digital signal processor 
and its corresponding volatile memory. Image processing 
section 27 includes a non-volatile memory such as hard disk 
drive 34 illustrated in FIG. 1. Hard disk drive 34 could 
optionally be replaced or supplemented by another suitable 
type of non-volatile memory such as FLASH memory, 
EPROM memory or DRAM memory With battery backup. 

In the preferred embodiment, image processing section 27 
is co-located in the same physical housing as camera 23. 
Thus camera unit 12 is a stand alone device Which may be 
directly coupled to netWork 14. HoWever, it Will be recog 
niZed by those skilled in the art that image processing 
section 27 could alternatively be implemented Within com 
puter Workstation 13 and physically separate from camera 
23. In this alternative, computer Workstation 13 preferably 
includes a plug-in video capture card serving a video inter 
face and a plug-in netWork interface card for communication 
via netWork 14. Though the embodiment disclosed includes 
a single camera 23, it is possible to provide plural cameras 
With a single image processing section. 

The basic system performs three data processing steps for 
every image of a video sequence to recogniZe events. The 
three steps are detecting objects, tracking objects, and ana 
lyZing the motion graph. 

The ?rst step used in recogniZing events is ?nding inter 
esting objects in the scene. This task is accomplished using 
a tWo dimensional change detection technique that is com 
monly used in image analysis. Basically, a background 
image is taken of the scene to be monitored. This back 
ground image ideally contains only background objects. 
That is, Which are stationary and deemed unimportant. This 
background image is used as the system’s reference image. 
To detect objects in the scene for a give video image, the 
system ?rst takes the absolute difference of the pixel values 
of the current video image and the reference image. This 
image is then thresholded to give a difference image of 
motion blobs. These motion blobs are regions Where the 
current video image differs signi?cantly from the back 
ground image. Then, heuristics are used to group these blobs 
into distinct objects. These objects are placed in a frame. The 
objects in their frame form an abstract representation of the 
video image. The goal of this step is to locate all the objects 
in a given video image. 

This initial processing of video images by the image 
processing section 27 Will noW be described With reference 
to FIGS. 2A to 2H. More speci?cally, FIG. 2A is a diagram 
matic vieW of a video image produced by the video camera 
12 When it is directed toWard an area Which, in this example, 
has arbitrarily been selected to be the corner of a room. The 
video image of FIG. 2A is saved as a reference image. FIG. 
2B is a similar video image that Was obtained from the 
camera 12 at a later point in time, after an object 41 has been 
introduced into the monitored area. In this case, the object 41 
is a person, Who has Walked into the corner of the room and 
thus into the ?eld of vieW of the video camera 12. The video 
camera 12 is stationary, and thus the single difference 
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4 
betWeen the images of FIGS. 2A and 2B is the presence of 
the person 41 in FIG. 2B. The presence and movement of the 
person 41 is detected in the folloWing manner. 

First, the gray-scale image of FIG. 2B is subtracted from 
the gray-scale image of FIG. 2A, on a pixel-by-pixel basis. 
The absolute value of the difference for each pixel is then 
determined, and the result is the gray-scale difference image 
of FIG. 2C. Then, the difference image of FIG. 2C is 
sub-sampled in order to reduce the number of pixels, for 
example to a 128 by 128 or 256 by 256 pixel image. The 
resulting loW-resolution image is shoWn in FIG. 2D. It Will 
be recogniZed that it is alternatively possible to sub-sample 
each of the images of FIGS. 2A and 2B before determining 
the difference and absolute value for each pixel, Which 
reduces the number of pixels that need to be processed, and 
therefore reduces the amount of time needed to obtain the 
image of FIG. 2D. Note that subsampling is not necessary if 
the system has suf?cient computing capacity. 
The loW-resolution difference image of FIG. 2D is then 

thresholded. In other Words, the gray-scale value for each 
pixel in the image of FIG. 2D is compared to a predeter 
mined threshold, and the pixel is then set to be either on or 
off (black or White), depending on Whether the value is 
above or beloW the threshold. The resulting threshold image 
is shoWn in FIG. 2E. Each pixel in the threshold image of 
FIG. 2E can be represented by a binary “1” or a binary “0”, 
depending on Whether the pixel is considered to be on or off. 

Morphological processing is then carried out on each 
pixel of the threshold image of FIG. 2E, by ?rst performing 
a dilate operation, and then performing an erode operation. 
More speci?cally, each pixel is processed by vieWing it as 
the center pixel in a three-by-three matrix of pixels. During 
the dilate operation for each pixel in the threshold image of 
FIG. 2E, if any one of the eight neighboring pixels in that 
image is a logic “1”, the pixel of interest is set to a logic “1”. 
The resulting dilate image is shoWn in FIG. 2F. During the 
subsequent erode operation for each pixel in the dilate image 
of FIG. 2F, if any one of the eight neighboring pixels in that 
image is a logic “0”, then the pixel of interest is set to a logic 
“0”. The result is the erode image of FIG. 2G. 
The erode image of FIG. 2G is then analyZed to identify 

each region of contiguous logic “1” pixels. Each such region 
of contiguous logic “1” pixels represents a change region, 
corresponding to an object Which has been introduced into 
the image of FIG. 2B and Which Was not present in the image 
of FIG. 2A, such as the person 41. This analysis can be 
carried out using knoWn techniques, such as connected 
component analysis. 
With respect to each detected change region, the image 

processing section 27 determines a bounding box for the 
change region. An example of a bounding box is shoWn at 
43 in FIG. 2H. It Will be noted that the bounding box 43 is 
a rectangular box, just large enough to contain the entire 
change region. That is, no pixel of the change region lies 
outside the box, but every side of the box touches at least one 
pixel of the change region. 

The above-described image processing is carried out for 
each image in a succession of images provided by the video 
camera 12. That is, each of these successive images is 
processed With respect to the reference image of FIG. 2A, in 
the same manner that Was described above for the image of 
FIG. 2B. 

It is optionally possible to also carry out an identi?cation 
analysis, in an attempt to identify a detected object. For 
example, With a small amount of knoWledge about the 
topography of the monitored area, the image processing 
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section 27 can use the position in the image of the midpoint 
of the lower side of the object’s bounding boX in order to 
identify hoW far the object is from the camera. Then, 
knowing hoW tall a person that far from the camera Would 
appear in the image, the image processing section 27 can 
evaluate the vertical height of the bounding boX in the 
image, in order to determine Whether the object generating 
the change region is tall enough to be a person. If the object 
is sufficiently tall to be a person, it can be assumed that it is 
a person. 

Alternatively, the computer could map the endpoints of 
the loWer side of a bounding boX from the video image to a 
map of the monitored area. Given the scale of the map, the 
image processing section 27 could determine the distance 
betWeen these tWo points on the map, Which corresponds to 
the distance betWeen them in the video image, and Would 
thus be the length of the loWer side of the bounding boX in 
the image. The computer could then determine the height of 
the bounding boX in the video image, and evaluate Whether 
the object in question is tall enough to be a person. If the 
object is suf?ciently tall to be a person, the image processing 
section 27 assumes that it is a person. 

If the object is not sufficiently tall to be a person, then the 
image processing section 27 can carry out an object analysis 
procedure, by analyZing the image of the object in an 
attempt to classify it as one of several common objects, such 
as a briefcase, a notebook, a boX, or a computer monitor. If 
the object is not speci?cally identi?ed through this 
approach, then it is ultimately identi?ed as an unknoWn 
object. 

Once objects are detected in a video image, the neXt step 
is to track each object through the video sequence. This task 
is done by linking objects in the previous frame to their 
corresponding objects in the current frame. Such tracking is 
the subject matter of this application. 

FIGS. 3A and 3B depict an eXample scene containing tWo 
people. In FIG. 3A, the tWo people are standing apart from 
each other, With Person-1 on the left, and Person-2 on the 
right. In FIG. 3B, Person-1 moves to the right so that he is 
partially occluded by Person-2. Using a conventional tech 
nique such a background subtraction, it is dif?cult to main 
tain the separate tracks of the tWo people in the scene, since 
the images of the tWo people merge into a single large 
region. 

FIGS. 4A to 4] shoW a sequence of video images in Which 
it is particularly dif?cult to properly maintain the tracks of 
the tWo people in the scene. In this sequence, Person-2 
moves from right to left and back again, crossing in front of 
Person-1. There are signi?cant occlusions particularly in 
FIGS. 4C and 4D. The orientations of both people With 
respect to the camera change signi?cantly throughout the 
sequence. These factors make conventional template match 
ing fail on this sequence. 

FIG. 5 illustrates a key feature of a neW tracking method 
to maintain tracks in sequences such as those depicted in 
FIGS. 3A and 3B and FIGS. 4A to 4]. The method maintains 
an estimate of the siZe and location of the objects being 
tracked, and creates an image Which represents the prob 
ability that the object intersects that piXel location. FIG. 5 
illustrates the probability images for the tWo person scene of 
FIG. 4A. The ?rst region 101 indicates the estimated loca 
tion of Person-1, and the second region 111 indicates the 
estimated location of Person-2. The brightness of these 
regions indicates the probability that the person’s image 
intersects the given piXel. This probability is highest in the 
middle of the region and decreases toWards the edge. The 
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siZe and shape of these regions are roughly the siZe and 
shape of a person standing at that location in the image. As 
Will be detailed beloW, the preferred embodiment p-template 
model for a standing person is a Gaussian oval. 
The person shaped probability regions are called proba 

bilistic templates or simply p-templates. The path of the 
p-template through the scene represents the track of a given 
person Which is maintained by the tracking system. 
P-templates can be used to reason about occlusion in a video 
sequence. The use of multiple p-templates to handle occlu 
sion When tracking objects in video sequences is unique to 
the method of this invention. While this application Will 
primarily address the issue of p-templates for tracking 
people Walking upright, the concept is applicable to tracking 
any object, for eXample vehicles and craWling people. In 
these cases the shape of the p-template is be adapted to the 
type of object being tracked. 
When the people in the scene overlap, the separate 

locations of the people can be maintained using the 
p-templates. Additionally, and the region of partial occlusion 
can be detected. FIGS. 6A to 6D shoW examples of such a 
situation. The ?rst and second regions are maintained, even 
though the people are overlapping. The region of overlap 
betWeen these tWo p-templates indicates that both people are 
at that location. The inventive method can track people 
through these occlusions by identifying and managing the 
occlusion regions separately from the unambiguous person 
regions. The tracks of the people can be maintained through 
occlusions by tracking primarily on the basis of the unam 
biguous area. This Works Well for the slight occlusion in 
shoWn FIGS. 6A and 6B. It also often Works even for the 
very strong occlusions shoWn in FIGS. 6C and 6D. During 
the occlusions shoWn in FIGS. 6C and 6D, the head of 
Person-1 is tracked and the loWer-body of Person-2 is 
tracked. The p-template regions illustrated in FIG. 6D 
clearly shoW that highest eXpected probability that a piXel of 
the video image is part of Person-1 is in the head region. 
LikeWise, p-template regions illustrated in FIG. 6D clearly 
shoW that highest eXpected probability that a piXel of the 
video image is part of Person-1 is in the loWer body region. 
Note that during an occlusion, the p-template for each 
person is Widened slightly to account for the increased 
uncertainty of our estimate of the person’s location. 

The inventive method requires a means of instantiating a 
neW p-template When a person enters the scene and updating 
the location of the region as the person moves through the 
scene. This application Will ?rst describe the update 
mechanism, assuming that the p-templates have already 
been instantiated. The instantiation mechanism is described 
later. 
The p-templates described above and depicted in FIGS. 5, 

6B and 6D represent the prior probabilities of the person 
locations based on the previous video image. This is a 
predictive probability employing only information from the 
prior video image. As previously described, the p-template 
is based upon a model of the object tracked. In the preferred 
embodiment, standing people are modeled as vertical ovals 
about tWo feet Wide and about siX feet tall. The actual model 
employed for a particular tracked object must be adapted to 
the object type tracked. These prior estimates of the prob 
abilities are then used to compute an estimate of the poste 
rior probabilities of the person locations by looking at the 
neW or current video image. The computation of the poste 
rior probabilities takes into account both the prior probabili 
ties and the information in the neW video image. The 
posterior probabilities are used to update the locations of the 
people, and the neW locations of the people are then used to 
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compute the priors for the next video image. Pseudo-code 
for the main tracking loop is given below. 

While (tracking) { 
grab(newiimage); 
posteriors = computeiposteriors(pitemplatesmewiimage) ; 
locations = computeilocations (posteriors) ; 
pitemplates = computeipitemplates(locations) ; 

The ?rst instruction grab (neWiimage) of this pseudo 
code sequence obtains the pixel values of the neW image and 
load these into an array. 

The second instruction computeiposteriors of this 
pseudo-code sequence computes the posterior probabilities 
of the identity of the pixel. The preferred embodiment 
computes the posteriors using a form of background differ 
encing. This is similar to the prior art object detection 
technique described above. The folloWing description of the 
posterior computation given here Will be a slight simpli? 
cation for ease of explanation. A more complete description 
Will be made beloW in the description of p-template instan 
tiation. 

Initially raW probability values for each pixel are com 
puted. The raW probability values are the probability that a 
projected light ray corresponding to the current pixel inter 
cepts the background or a particular object regardless of the 
location of other obj ects. Note that this raW probability value 
for the background is 1 for every pixel. This is because a 
projected light ray for any pixel Will inevitably reach a point 
on the background. The raW probability for tracked objects 
is the value of the corresponding p-template for the current 
pixel. Depending on the location of the model for that object, 
this raW probability value could be any value betWeen 0.0 
and 1.0. Pixels located near the center of the model Would 
have higher raW probability values than pixels located 
farther aWay. 

For every pixel these raW probabilities are normaliZed to 
one. That is, the raW probability values are adjusted so that 
the sum of all the raW probability values for any pixel is. 1.0. 
The raW probabilities for the background and for each object 
are divided by the sum of these raW probabilities at that 
pixel. For the background the normaliZed probability NB is 
thus: 

Where: RE is the raW probability of the background; R0]- is 
the raW probability of the j-th tracked object O; and the 
summation is over all tracked objects 01-. Recall that RB is 
1 for every pixel. Thus: 

1 

IT] 
all] 

This formula yields a normaliZed probability value NB near 
1 for pixels Where the raW probability values R0]- are all near 
0. This matches the intuitive notion that the probability that 

10 

15 

25 

35 

45 

55 

65 

8 
a pixel comes from the background is nearly 1 far from any 
tracked object. Similarly, the normaliZed probability NOJ- for 
the j-th tracked object is: 

This computation of the posteriors then takes into account 
the pixel value at that pixel. By vieWing the background 
images from the camera during times there are no objects for 
some amount of time, the system can develop a model of the 
background. The preferred embodiment computes the mean 
gray scale or color values and their variance over time at 
each pixel of the background. Using these statistics and 
assuming a normal distribution of the pixel values, We can 
compute the probability that the pixel is from the back 
ground given its pixel value. This probability is highest 
When the current pixel value equals the mean pixel value and 
decreases to near Zero When the current pixel value is far 
from this mean pixel value. This knoWledge of the color 
permits computation of a raW color corrected probability. 
The raW color corrected probability KB that a pixel having 
a given color C is from the background is: 

Where p(B|C) is the computed probability that the pixel is 
from the background given its pixel value of C. As previ 
ously described p(B|C) is a Gaussian distribution around the 
mean pixel value having the observed variance. 

A similar computation is made for each tracked object. It 
is possible to track the pixel values for each object, either for 
the object as a Whole or by portions of the object. This Would 
involve a color model of the object With mean pixel value 
and distribution computed for each pixel in the object model. 
HoWever, in the preferred embodiment such detailed color 
modeling is not needed. Assuming that any possible pixel 
value is equally likely for any pixel of a tracked object O], 
then the probability that the pixel is from the object O]- given 
its pixel value of C p(O]-|C) is 1/M, Where M is the number 
of possible pixel values. The raW color corrected probability 
KOJ- that a pixel having a given color C is from the back 
ground is: 

Where p(O]-|C) is the computed probability that the pixel is 
from the j-th tracked object given its pixel value of C, here 
taken to equal 1/M. 

These raW color corrected probabilities are then normal 
iZed to 1 for all pixels. This process is similar to that noted 
above. The normaliZed, color corrected probability PB that 
the pixel is background is: 

remembering that the computed probability that the pixel is 
from the j-th tracked object given its pixel value of C is 
approximated by 1/M. Similarly, the normaliZed, color cor 
rected probability P0]- that the pixel if object O]- is: 
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The computation takes into account the previously pre 
dicted probabilities of the p-templates, the current pixel 
value and location. Pixels Where PB is above 0.50, typically 
Where the pixel value is near the mean pixel value of the 
corresponding background image pixel and Where the 
p-template values are loW, are generally from the back 
ground. Pixels Where P0]- is above 0.50 generally belong to 
the object Of. Also note that pixels Where the P0]- for tWo 
objects are comparable generally belong to areas of occlu 
sion. The function computeiposteriors in the pseudo-code 
above takes as input p-templates such as those in shoWn in 
FIGS. 6B and 6D and the current images (neWiimage) such 
as those shoWn in respective FIGS. 6A and 6C. The function 
computeiposteriors produces posterior images. 

Note that the preferred embodiment does not make any 
use of assumptions about the pixel values of the foreground 
objects. The foreground objects are simply taken to be 
different from background and in the right place, Where 
‘right place’ is determined by the location of the p-template. 
Note also that any other factor that might be predictive of the 
probability that the object is this pixel may be used here. Use 
of the pixel values of the foreground objects, for example, is 
possible but not necessary. Using such pixel values may 
enhance the tracking performance of the system. 

Once the foot location and height of the person is 
computed, it is straightforWard to compute the neW location 
of the p-template. In the preferred embodiment the 
p-template of a standing person is simply a Gaussian oval 
Whose location and dimensions are determined by the foot 
location and image height computed above. The vertical 
standard deviation of this Gaussian oval corresponds to the 
estimated three-dimensional height of about six feet. The 
horiZontal standard deviation of this Gaussian oval corre 
sponds to the estimated three-dimensional Width of about 
tWo feet. Other, more complex p-template models are 
feasible, but this Gaussian oval provides acceptable perfor 
mance. Other models With other dimensions are required to 
track non-person objects and persons Who are not standing. 
The neW p-template is then used to ?nd the location of the 
person in the next video image, and the process repeats for 
as long as the person remains in the scene. 

The above description omitted hoW the p-templates are 
instantiated and deleted. A neW p-template must be instan 
tiated Whenever a neW person enters the scene, and it must 
be deleted When that person leaves. Deletion is straight 
forWard. When the posterior image no longer contains 
enough evidence for the object, the template is deleted. This 
means that the template for a tracked person is deleted if the 
there is not enough unoccluded or occluded pixels in the 
posterior image. 

Instantiation is best described in a Bayesian probabilistic 
frameWork. The p-templates constitute models of the objects 
in the environment. All of the pixels in the image are the 
result of a projection of some object in the environment 
either from the background, one of the tracked people in the 
scene or something else. The sum of the probabilities that the 
pixel is either from the background, from a tracked person 
or from something else must be one. The system maintains 
an unknoWn model to account for the probability that pixels 
may arise as a result of something else. This unknoWn model 
assigns a small constant raW probability RU that any pixel is 
from an unknoWn object. This additional probability term is 
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10 
included in the normaliZed probabilities NE and Noj. A 
similar normaliZed probability NU is also computed. Like 
Wise a color corrected probability KU is computer. As in the 
preferred embodiment for calculating color corrected prob 
abilities for tracked objects, the unknoWn object is assumed 
to have an equal probability of having any color value. Thus 
this color correction involves multiplication by 1/M. The 
color corrected probability KU is used in computing the 
normaliZed color corrected probabilities PB and P0]- and a 
similar normaliZed color corrected probability for the 
unknoWn object PU is computed. 
When these computation are performed, for some of the 

pixels, the probability that the pixel came from the unknoWn 
model is the highest of all of the model probabilities. In 
many cases this probability PUWill be above 0.50. This level 
of probability Will typically be reached if there is a neW, 
untracked object in the scene that is far from other tracked 
objects and has a pixel value very different from the mean 
background pixel value. Under these conditions the raW 
probabilities for all tracked objects is loW because the pixel 
under consideration is far from the objects, thus the 
p-templates yield loW values. Additionally, With the pixel 
value different from the corresponding mean background 
pixel value, p(B|C) also Will be near Zero. Thus the small 
constant raW probability of an unknoWn object Will pre 
dominate in the normaliZed color corrected probabilities. 
The pixels Where this is true are examined to see if adding 
a neW person model Would account for these unknoWn 
pixels. Generally, this decision is based upon Whether the 
unknoWn pixels form a person shaped blob. If so, a neW 
person p-template is instantiated at the appropriate location, 
and the posteriors are recomputed. Note that another object 
type may be instantiated if the unknoWn pixels forms a good 
shape ?t for the model for the other object type. 
The addition of instantiation/deletion to the system results 

in the folloWing pseudo-code: 

While (tracking) { 
grab(newiimage) ; 
posteriors = computeiposteriors(pitemplatesmewiimage) ; 
if (instantiateinewipitemplates(unknownimodel)) 

posteriors = computeiposteriors(pitemplates, 
newiimage) ; 

locations = computeilocations (posteriors) ; 
pitemplates = computeipitemplates(locations) ; 
deleteiunsubstantiated(pitemplates) ; 

The neW third instruction in this pseudo-code sequence 
recomputes the posteriors With a neWly instantiated person 
model if the function instantiateineWipitemplatesO 
yields a true result. The pseudo-code sequence includes a 
neW ?nal instruction for deleting a tracked object if the 
particular p-template predicts too feW pixels Within the next 
video image. 

Use of the procedure described above to track people can 
maintain tracks through occlusions Where previous tech 
niques could not. The robustness to occlusion of the neW 
method enables video monitoring applications to vastly 
improve their tracking reliability in natural environments. 
Moreover, the procedure is suitable for implementation on 
loW-cost digital signal processors. 
What is claimed is: 
1. A computer implemented method of tracking moving 

objects in series of video images comprising the steps of: 
forming a probablistic model of tracked objects; 
determining a probability that said pixel corresponds to a 

background or to each tracked object for each pixel of 
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a current video image dependent upon a pixel value of 
a current video image and a probablistic model of each 
tracked object from an immediately prior video image; 

selecting a source for each piXel of said current video 
image from among said background and said tracked 
objects dependent upon said determined probabilities; 

determining a location for each tracked object dependent 
upon said selected piXel sources; and 

projecting a probablistic model of each tracked object into 
a neXt video image based upon said determined loca 
tion for each corresponding tracked object. 

2. The computer implemented method of claim 1, 
Wherein: 

said step of determining a location for each tracked object 
includes tracking said probablistic model correspond 
ing to each tracked object Where said probablistic 
model produces a higher probability than said proba 
blistic model of any other tracked object. 

3. The computer implemented method of claim 1, 
Wherein: 

said step of projecting a probablistic model of each 
tracked object includes tracking three dimensional 
location of each tracked object and projecting an actual 
siZe of said probablistic model actual siZe into apparent 
siZe Within said video image. 

4. The computer implemented method of claim 3, 
Wherein: 

said step of forming a probablistic model of a tracked 
object includes forming a probabilistic model of a 
standing person as a Gaussian oval With vertical dimen 
sion corresponding to an actual height of about siX feet 
and a horiZontal dimension corresponding to an actual 
Width of about tWo feet. 

5. The computer implemented method of claim 1, 
Wherein: 

said step of determining a probability that said piXel 
corresponds to a background or to each tracked object 
includes 
computing a piXel value mean and piXel value variance 

for each piXel of background over a plurality of 
video images, and 

computing a raW probability that said piXel corresponds 
to background based upon a current piXel value 
relative to a Gaussian distribution of piXel values 
having said computed piXel value- mean- and piXel 
value variance of said piXel. 

6. The computer implemented method of claim 5, 
Wherein: 

said step of determining a probability that said piXel 
corresponds to a background or to each tracked object 
includes computing a raW probability that said piXel 
corresponds to each tracked object based upon said 
probabilistic model of said object at said piXel and 
assuming all piXel values are equally likely for each 
tracked object. 

7. The computer implemented method of claim 6, 
Wherein: 

said step of determining a probability that said piXel 
corresponds to a background or to each tracked object 
further includes computing an normaliZed probability 
for background and each tracked object. 

8. The computer implemented method of claim 5, 
Wherein: 

said step of determining a probability that said piXel 
corresponds to a background or to each tracked object 
further includes 
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setting a raW probability that said piXel corresponds to 

an unknoWn object as a small constant probability at 
every piXel, 

computing an normaliZed probability for background, 
5 each tracked object and said unknoWn object; 

said step of selecting a source for each piXel of said 
current video image further includes selecting said 
unknoWn object as said source if said unknoWn object 
has a highest probability; and 

instantiating a neW tracked object When piXels selected as 
from said unknoWn object are sufficient in number and 
distribution to match a probabilistic model of an object. 

9. A apparatus for tracking moving objects in a de?ned 
space comprising: 

a video imaging device forming a series of tWo dimen 
sional video images of said de?ned space; and 

a data processing apparatus receiving said series of video 
images from said video imaging device, said data 
processing apparatus programmed to 
form a probablistic model of tracked objects; 
determine a probability that said piXel corresponds to a 

background or to each tracked object for each piXel 
of a current video image dependent upon a piXel 
value of a current video image and a probablistic 
model of each tracked object from an immediately 
prior video image; 

select a source for each piXel of said current video 
image from among said background and said tracked 
objects dependent upon said determined probabili 
ties; 

determine a location for each tracked object dependent 
upon said selected piXel sources; and 

project a probablistic model of each tracked object into 
a neXt video image based upon said determined 
location for each corresponding tracked object. 

10. The apparatus for tracking moving objects of claim 9, 
Wherein: 

said data processing apparatus is further programmed to 
determine a location of for each tracked object by 
tracking said probablistic model corresponding to each 
tracked object Where said probablistic model produces 
a higher probability than said probablistic model of any 
other tracked object. 

11. The apparatus for tracking moving objects of claim 9, 
Wherein: 

said data processing apparatus is further programmed to 
project a probablistic model of each tracked object by 
tracking three dimensional location of each tracked 
object and projecting an actual siZe of said probablistic 
model actual siZe into apparent siZe Within said video 
image. 

12. The apparatus for tracking moving objects of claim 11, 
Wherein: 

said data processing apparatus is further programmed to 
form a probablistic model of a tracked object by 
forming a probabilistic model of a standing person as a 
Gaussian oval With vertical dimension corresponding 
to an actual height of about siX feet and a horiZontal 
dimension corresponding to an actual Width of about 
tWo feet. 

13. The apparatus for tracking moving objects of claim 9, 
Wherein: 

said data processing apparatus is further programmed to 
determine the probability that said piXel corresponds to 
a background or to each tracked object by 
computing a piXel value mean and piXel value variance 

for each piXel of background over a plurality of 
video images, and 
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computing a raW probability that said pixel corresponds 
to background based upon a current pixel value 
relative to a Gaussian distribution of piXel values 
having said computed piXel value mean and piXel 
value variance of said piXel. 

14. The apparatus for tracking moving objects of claim 
13, Wherein: 

said data processing apparatus is further programmed to 
determine the probability that said piXel corresponds to 
a background or to each tracked object by computing a 
raW probability that said piXel corresponds to each 
tracked object based upon said probabilistic model of 
said object at said piXel and assuming all piXel values 
are equally likely for each tracked object. 

15. The apparatus for tracking moving objects of claim 
14, Wherein: 

said data processing apparatus is further programmed to 
determine the probability that said piXel corresponds to 
a background or to each tracked object by computing 
an normaliZed probability for background and each 
tracked object. 
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16. The apparatus for tracking moving objects of claim 

13, Wherein: 
said data processing apparatus is further programmed to 

determine the probability that said piXel corresponds to 
a background or to each tracked object by 
setting a raW probability that said piXel corresponds to 

an unknoWn object as a small constant probability at 

every piXel, 
computing an normaliZed probability for background, 

each tracked object and said unknoWn object; 
said data processing apparatus is further programmed to 

select the source for each piXel of said current video 
image by selecting said unknoWn object as said source 
if said unknoWn object has a highest probability; and 

said data processing apparatus is further programmed to 
instantiate a neW tracked object When piXels selected as 
from said unknoWn object are sufficient in number and 
distribution to match a probabilistic model of an object. 

* * * * * 


